We compiled municipality data and regional characteristics from various data sources. Fee Information Service (FIS) provided us with data on TV license fees and state taxes, the number of registered households and enforcement activities during 2005. As described in the main text, the evasion rate is given by the ratio of non-registered households to the total number of households (see Section 2). H i , the number of households in 2005 is calculated by inflating the 2001 census data on households by the 2001-2005 population growth in each municipality. The annual fees are the total fees due in 2005 in nominal Euro values. The variable includes federal and state taxes. The enforcement rate is computed as the ratio of enforced registrations generated by door-to-door controls of FIS' enforcement division relative to the total number of households in each municipality. We obtained a rich set of municipality characteristics from Statistics Austria and other official data sources. From the Austrian payroll tax statistics we retrieved data on the (log of) average Income from wages and salaries. (Data an total incomes are only available at the county ('Bezirk ') level.) The variable secondary residences captures the share of secondary and holiday residences (relative to the sum of primary and secondary residences) in a municipality. The (log of) Popsize denotes the 2005 population size, PopDensity is calculated by the ratio of the municipality's population to the area (in hectare), PopGrowth as the percentage increase in the population between 2001 and 2005. For the year 2005 we also have data on the number of people moving into a municipality from outside, which allows us to compute the gross population growth for the year 2005 (PopGrowthGross). A municipality's age structure is captured by the share of young (up to 35 years, Age Young), middle (35-55 years, Age Mid ) and older (above 55 years, Age Old ) household heads in the last available census data from 2001. Family status is captured by the variables Fam Single, Fam Married, and Fam Other (divorced or widowed). HHead Fem reflects the fraction of households with a female household head. The household size variables measure the share of households with 1-person (HSize Small ), 2-4 persons (HSize Mid ) and 5 or more persons (HSize Large). We also use census data on education, in particular, the highest degree of the household head. The variables Edu Low, Edu Mid, and Edu High capture the share with compulsory schooling (9 years), vocational and intermediate schooling (9-12 years), and higher education (high school, college or a university degrees), respectively. A first set of variables on the occupational situation is again based on census data. These variables indicate the share of household heads that are employed (Occ Empl ), unemployed (Occ Unempl ) or retired (Occ Other ). The share of Self-Employed is based on the fraction of all self-employed persons (taken from 1 the Austrian labor force statistics) relative to the municipality's total population. Student captures the share of University students in a municipality. Variables on the religious affiliation (Religion Cath, Religion Prot, Religion Other ) measure the population share of Catholics, Protestants and others (including Jews, Buddhist, Hindus, Muslims and people with no confession). To control for political attitudes, we collected data from the election results of the National Assembly in 2006 and computed the Voter Turnout as well as vote shares: Vote Right (for right parties: Bündnis ZukunftÖsterreich, Freiheitliche Partei, Liste Dr. Martin), Vote Center (Volkspartei, Sozialdemokratische Partei) and Vote Left (Grüne, Kommunistische Partei). A further set of variables captured building and property structure. Residential buildings are classified by their number of housing units into small (Dwelling Small, 1 apartment), intermediate (Dwelling Mid, 2-5 apartments) and large (Dwelling Large, more than 5 apartments) dwellings. The corresponding variables indicate the share of these different types.
(I.B) Border-Municipality Group Fixed Effects
This appendix describes the procedure of assigning border municipalities into different groups (underlying the border-municipality fixed effects introduced in Section 5). The sample for this exercise is composed of municipalities which are located right at a state border. Among these municipalities, the formation of groups -mainly pairs, but also some triples and quadruples of municipalitiesis based on the following steps. First, we identify a joint state border between municipalities from two different states, {L, R}. Second, we compare the lengths of the state border that is shared between neighboring municipalities. Consider three municipalities, i (in state L) and two neighboring municipalities j and k (in state R). To decide whether i is 'linked' to j or k, we compare ij and ik , the length of municipality i's border at the state frontier that is shared with j or k, respectively. If ij > ik , municipality i is linked to j (rather than k) and they form a group. Note that a unilateral comparison is sufficient to create a link (here from i to j). A group is then defined by all municipalities that are directly or indirectly linked.
Several possible cases are illustrated in Figure I .1, where the black vertical line indicates a state border. In situation (a), municipality L1 is linked to R1 (and vice versa) and they form group #1.
At the same time, L2 is linked to R2. However, L2 is also bordering to R3. Given that the largest part of R3's state border is shared with L3 (rather than L2), there is no link between R3 and L2. We thus pair L2 and R2 into group #2 and L3 and R3 into a separate group #3. A quite different case is described in (b). Here we have two relatively small municipalities on the one and a large neighboring municipality on the other side of the border. L1 and L2 are both linked to R1. Thus, they form a group of three municipalities.
Figure I.1: Assigning Municipalities at State Borders into Groups
For this exercise, our sample is composed by municipalities which are located right at a state border (i.e., municipalities which touch the border directly). Among those municipalities, the formation of municipality groups -i.e., pairs, triples or quadruples -is based on several steps. First of all, we identify a joint state border between municipalities from two different states. Second, we compare the fraction of the state border that is shared between the different, tangential municipalities. In this comparison, a broad number of cases can emerge. vertical line indicates the state border. Along this state border, municipalities L1 and R1 have perfectly overlapping borders. Hence, the pair L1 and R1 gets grouped into group $\sharp 1$. In contrast, municipality L2 is not only bordering to R2 but also to R3. So potentially, they could form a triple. However, as the largest fraction of R3's state border is tangential to L3 (and vice versa), we pair L2 and R2 into group $\sharp 2$ and municipalities L3 and R3 into a separate group $\sharp 3$.  A further possible case is described in panel (b). Here we have two relative small municipalities on the one (L1 and L2) and a large neighboring municipality on the other side of the border (R1). All three would form a joint group.  Panel (c) presents a more complex case. L1 borders to R1 and R2, and R2 also shares a border with L2. R1 and L1 are clearly linked, as the largest part of R1's state border is shared with L1. At the same time, L1's largest part of the border coincides with R2's border. Vice versa, R2's border at the state frontier is shared with L1 (rather than L2).
R2
Situation (c) presents a further case. R1 is linked to L1, as the largest part of R1's state border is shared with L1. At the same time, L1's largest part of the state border coincides with R2's border.
Finally, L2's largest part of the state border is shared with R2, forming a further link. Thus, all four municipalities are (directly and indirectly) linked: we would assign all four municipalities to one, large group. Situation (d) presents a variation of the latter case. The links between municipalities R1, L1 and R2 do not change as compared to panel (c). However, the longest part of L2's state border is now shared with R3 (rather than R2). We thus have one group formed by the triplet L1, R1, R2, and a second group by the pair L2 and R3.
Following this procedure, we assign the 113 [342] municipalities at the four most balanced borders [at all borders] into 42 [123] groups. All of these groups are non-overlapping, i.e., each municipality is only assigned to one group.
II. Balancing Tests
(II.A) Border-by-Border Balancing Tests The estimates do not indicate any systematic differences in enforcement rates: at 10 out of the 12 borders, there are no significant differences in the enforcement rate; for one border there are more enforcement activities on its high-fee side (p ≤ 0.1), for another border there is significantly less enforcement on the high-fee side (p ≤ 0.01). The balancing tests also fail to detect systematic evidence on household sorting according to fees: considering two mobility variables (net population growth and population influx) we find statistically significant but quantitatively small differences at four state borders (two with p ≤ 0.05, two with p ≤ 0.01): two cases with more, two cases with less population influx into the low-fee side of a border. Note that these four borders are excluded from our primary sample. A further important variable in our balancing tests is the number of secondary residences (see Section 2). This variable is again well balanced in the primary sample defined in Table 3 . The same holds for the income from wages and salaries.
Taking a look at other municipality characteristics, Table II .1 reveals several significant differences. For none of these variables, however, we detect a systematic heterogeneity that is correlated with the level of license fees: for a given x, the sign of ρ varies between the different borders rather than showing a consistent and systematic positive or negative difference for D i . Moreover, and in line with the discussion from above, the observed differences are primarily concentrated at state borders that are defined along the Alps. 
(II.B) Distribution of Municipality Characteristics around Borders
This section first presents additional graphical evidence on the distribution of municipality characteristics around the borders of the main sample (complementary to Figure A .1). Figure II .1 considers variables that turned out to be significantly correlated with the evasion rate in the cross-sectional analysis (see Table III .2). For the fraction of small and large households, we do not detect any discontinuities. For two variables that describe the family structure, the share of single and married household heads, the distributions look again fairly balanced around the border. The graphs indicate slightly fewer married people on the low-fee side of the border, however, the discontinuity is insignificant and the impression is mainly due to the strong curvature from the quadratic model fit. A similar pattern emerges for the age structure, where we observe a slightly higher share of young people (below age 35) on the high-fee side of the border. The differential is again insignificant and seems to be driven by several outliers in the first bin on the 'right hand side' of the border. Mirroring the high share of younger people, we do observe significantly fewer old people on the high fee side of the border (see Table II .2). Finally, the share of single-family houses, a variable on the dwelling structure that is significantly correlated with evasion, is again smoothly distributed around the border.
In a next step, we run placebo estimations that analyze possible discontinuities in all other municipality characteristics. (Note that income is not included in the placebo tests, as the variable is not available at the municipality level.) The results from this exercise are presented in Table II .2, where each point estimate comes from a separate regression. Columns (1)-(3) [and (7)-(9) Consistent with the graphical evidence from Figure A .1, the regression analysis does not detect any border differential in one of the key variables: the enforcement rate, the share of secondary residences and the population growth does not significantly change at the border. Table II .2 reports some statistically significant differences for the population influx in 2005 in the main sample. However, these differences are not robust across different specifications.
Hence, for the main sample, we are not too far from an ideal situation with a perfectly smooth distribution of characteristics around the borders. We only detect robust border differentials for two out of the 41 variables considered: there are fewer old individuals living on the high-fee side of the border, and fewer households that rent (rather than own) the property they live in. Note that these two characteristics are not significantly correlated with the evasion rate (see Table III .2).
For the full sample that includes all state borders, the enforcement rate and other important correlates of the evasion rate seem again smoothly distributed. Given our approach to derive the main estimation sample (see Section 5), it is not surprising that we observe more significant differentials when we turn to the full sample. This concerns in particular the educational and the religious structure. Note, however, that these are again dimensions that only display a weak, insignificant predictive power in the cross-sectional analysis (see Table III .2). Hence, while less close to an ideal case with perfectly smooth distributions of municipality characteristics, the full sample still seems reasonably suited for our RDD analysis. Notes: Columns (1)-(3) and (7)-(9) report local linear regression estimates for different bandwidths (standard errors in parentheses). Columns (4)-(6) and (10)-(12) present parametric RDD estimates for different polynomial specifications for municipalities within a 60 minutes driving distance to the closest state border (robust standard errors in parentheses). , , indicates significance at the 1%, 5%, 10%-level, respectively.
III. Complementary Results

(III.A) TV Ownership and License Fees
As noted above, our measure of evasion does not account for variation in the ownership of broadcasting equipment (see Section 2.2). This measurement error would become problematic if TV license fees have a direct (and presumably negative) impact on owning a TV. In this case, our dependent variable would also capture 'real' and not only evasion responses to license fees. To assess this concern, we study survey data on TV ownership. The survey covers a representative random sample of the Austrian household population. It was implemented in 2005 by a commercial survey organization using computer-assisted personal interviewing. To each observation (N = 1, 136) we matched the level of TV license fees as well as the minimum driving distance to the closest state border (averaged at the district level). (5) and (7) include additional controls for age, gender, and labor market participation of the respondent as well as dummies for municipality categories (rural/mixed rural/mixed urban). Robust standard errors are reported in parentheses. , , indicates significance at the 1%, 5%, 10%-level, respectively.
Columns (1-3) of Table III .1 presents the estimates from a linear probability model. (Marginal effects from probit estimates confirm these results.) The results indicate an insignificant negative correlation between TV license fees and TV ownership. In contrast to the level of license fees, income and education -which turn out to be the strongest determinants of owning a TV -explain some part of the variation in TV ownership. When we control for these variables (column 2), the (imprecise) point estimate indicates that a one percent increase in TV license fees reduces the TV ownership by 0.008 percentage points. Hence, the effect is economically irrelevant. This finding does not change when we add further control variables (column 3).
In a next step, we estimate border discontinuities in TV ownership. Like in the model of equation (III.2), we account for linear (columns 4 and 5) and quadratic (6 and 7) distance terms which are allowed to differ on either side of the border. The estimation results document an economically and statistically insignificant discontinuity in TV ownership at the border. The point estimate from column (4) suggests that the likelihood of owning a TV increases by 0.3 percentage points when we move from the low to the high fee side of a border. When we add controls we find an insignificant 1.1 (column 5) or 0.5 (column 7) percentage point decreases in TV ownership.
(III.B) Cross-Sectional Estimation (III.C) Parametric RDD Complementary to the non-parametric estimates from the main text, we also studied the RDD parametrically. More specifically, we estimated the two following specifications of equations (7) and (8):
and
where dist i is the driving distance to the closest border. Both equations include trends in distance (up to polynomial degreek) that are allowed to differ on either side of the border.
In the spirit of a 'first-stage' in an instrumental variable approach, equation (III.1) estimates the border discontinuity in license fees. This discontinuity is captured by δ f . The second equation captures the reduced form effect of the treatment on the outcome variable, i.e., the effect from being on the high-fee side of a border on the average evasion rate. As detailed in the main text, this allows us to compute the Wald estimator β RD = δ e /δ f . To examine the robustness of this estimator, (i) we vary the estimation sample by considering different widths around the state borders, (ii) we either include or omit the control variables X i and (iii) we study models with linear, quadratic and cubic trends in distance (k = 1, 2, 3). Following Lee and Lemieux (2010) we compute the Akaike information criterion (AIC) to assess the quality of the different models. 1 The results from this exercise are provided in Table III .3.
The table presents the estimation output for different specifications of equations (III.1) and (III.2) and the corresponding result for the Wald estimator, β RD . We consider different samples of municipalities that are located in a narrow (45min, columns 1 and 2), intermediate (60min, 3 and 4) and wide range (90min, 5 and 6) around the state borders from the main sample. For each width, we either exclude or include the vector of control variables. Within each column, we consider models with linear (panel (a) of the table), quadratic (panel b) and cubic trends (panel c) in the distance variable. The most preferred model according to the AIC (see Lee and Lemieux, 2010, and fn. 1) is indicated by a bold Wald estimator.
The results from Table III .3 document an estimated border differential in license fees of 16 to 18 percent. The increase in the fees is accompanied by a discontinuous jump in the evasion rate of 4 to 6 percentage points. In almost all specifications, this latter discontinuity is significant at the 1 or the 5 percent level. Taken together, the coefficients imply remarkably stable Wald estimators that center around 0.30. The estimators marked in bold indicate that the linear model tends to perform well (in terms of AIC) for the smaller sample with a more narrow width around the state borders. As we consider a broader width and hence a larger sample, first the quadratic and later the cubic model performs better. 2 Independently of the polynomial specifications, the Wald estimators from the preferred models are all highly significant and fall in the range from 0.25 to 0.33. All of these results are robust to including border fixed effects.
Next, we examine whether our results are specific to the main sample considered so far or whether the effect of higher fees on evasion generalizes to all state borders. To approach this question, we replicate the parametric RDD analysis from Table III.3 for the full sample. The results, which are  reported in Table III .4 below, again confirm a highly significant discontinuity in evasion rates at the state borders. As compared to the analysis for the main sample, however, the estimates are less robust. Even among the best performing models, we observe semi-elasticities between 0.38 and 0.73. Despite using a larger sample, the effects are also estimated with larger standard errors than the corresponding coefficients from Table III. 3.
Finally, we examined whether we obtain similar results when we use Euclidean rather than driving distance (compare the placebo exercise in Section 5). This point is addressed in Table III .5, which replicates the analysis underlying Table 5 for the alternative distance metric. The comparison shows that the estimated semi-elasticities are very similar for the main sample -irrespectively of whether we use driving or Euclidean distance. Notes: Estimates from local linear regressions based on the minimum Euclidian distance (rather than driving time) to the closest border. Columns (1) and (2) consider the main border sample, columns (3) and (4) the full sample. In columns (1) and (3), the bandwidth choice follows Imbens and Kalyanaraman (2012). Columns (2) and (4) set the bandwidth according to Calonico et al. (2014) . Standard errors in parenthesis. and indicates significance at the 1% and 5%-level, respectively.
